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1
METHOD AND APPARATUS FOR
PREDICTING BASED ON MULTI-SOURCE
HETEROGENEOUS DATA

CROSS-REFERENCE TO RELATED
APPLICATIONS

The present application claims priority to Chinese Patent
Application No. CN201410427849.7, filed on Aug. 27,
2014, the entire disclosure of which is incorporated herein
by reference in its entirety and for all purposes.

TECHNICAL FIELD

The embodiments of the present invention relate to data
processing technology, and in particular, to a method and
apparatus for predicting based on multi-source heteroge-
neous data.

BACKGROUND

In the prior art, a common method of predicting is to
predict an event result based on historical data and a model.
A typical application scenario is to predict the results of
various matches.

A prediction model based on historical match data mainly
estimates the offensive/defensive capability of a match team
by means of analyzing performances of various teams in
historical match data, and predicts a match result of a
subsequent match on this basis.

The defect of the technical solution is mainly as follows:
due to matches of various match teams being sparsely
distributed over time, changes in players of the match team
and fluctuations in the players” own states, as well as the
chance nature of matches, it is very difficult for a prediction
model obtained on this basis to make a good estimate of
instantaneous relative strength of all match teams, with the
result that the prediction has a poor accuracy and is not
stable enough. In addition, conditions occurring in a match
schedule cannot be reflected promptly. Moreover, there is
only one data source and the information amount is rela-
tively small, and thus a match result of a future match cannot
be effectively predicted.

SUMMARY

The embodiments of the present invention provide a
method and apparatus for predicting based on multi-source
heterogeneous data, so as to improve the accuracy of pre-
diction.

The embodiments of the present invention provide a
method for predicting based on multi-source heterogeneous
data, comprising:

acquiring, with regard to an event of a set type, at least
two types of historical data which can reflect an event result;

establishing a joint likelihood model of attribute data of
the event of the set type and the at least two types of
historical data, and determining an optimal estimation of the
attribute data according to a maximum posterior principle;
and

determining, with regard to an event to be predicted which
belongs to the event of the set type, based on a probability
distribution associated with the attribute data in the joint
likelihood model, a parameter in the probability distribution
as a prediction result of the event to be predicted.
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2

The embodiments of the present invention also provide an
apparatus for predicting based on multi-source heteroge-
neous data, comprising:

a data acquisition module for acquiring, with regard to an
event of a set type, at least two types of historical data which
can reflect an event result;

a model estimation module for establishing a joint like-
lihood model of attribute data of the event of the set type and
the at least two types of historical data, and determining an
optimal estimation of the attribute data according to a
maximum posterior principle; and

a result prediction module for determining, with regard to
an event to be predicted which is of the set type, based on
a probability distribution associated with the attribute data in
the joint likelihood model, a parameter in the probability
distribution as a prediction result of the event to be pre-
dicted.

The embodiments of the present invention use a hierar-
chical model to introduce data of different sources into
different data layers, unify heterogeneous data in a joint
likelihood model to perform analysis, and obtain a more
accurate, instant and stable prediction result through effec-
tive fusion.

BRIEF DESCRIPTION OF THE
ACCOMPANYING DRAWINGS

FIG. 1 is a flowchart of a method for predicting based on
multi-source heterogeneous data provided by embodiment I
of the present invention;

FIG. 2 is a flowchart of a method for predicting based on
multi-source heterogeneous data provided by embodiment 11
of the present invention;

FIG. 3 is a schematic diagram illustrating a relationship
between a model and a parameter applicable to embodiment
II of the present invention; and

FIG. 4 is a structural schematic diagram of an apparatus
for predicting based on multi-source heterogeneous data
provided by embodiment III of the present invention.

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENTS

The present invention will be further described in detail
below in conjunction with the accompanying drawings and
the embodiments. It can be understood that specific embodi-
ments described herein are merely used for explaining the
present invention, rather than limiting the present invention.
Additionally, it also needs to be noted that, for ease of
description, the accompanying drawings only show parts
related to the present invention rather than all the structures.

Embodiment I

FIG. 1 is a flowchart of a method for predicting based on
multi-source heterogeneous data proposed by embodiment I
of the present invention. The embodiment of the present
invention is applicable to the prediction of the result of an
event, specifically comprising the following:

S110, with regard to an event of a set type, at least two
types of historical data which can reflect an event result are
acquired.

The event of the set type refers to an event which can be
predicted by the method of the embodiment of the present
invention and is generally an event of which an event result
satisfies a certain probability distribution, typically such as
a football match and a basketball match. The historical data
refers to historical result data of such events. The event
result may usually be expressed from multiple perspectives,
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and result data of each perspective may be viewed as being
of one type. For example, with regard to a football match,
score data may be viewed as a type of data which can reflect
a match result, and viewed from the different perspectives of
a home team and a visiting team, the score may be denoted
as a home team score and a visiting team score; and odds
data may be viewed as another type of data which can reflect
the match result, wherein the odds data is generally acquired
from organizations such as sports lotteries and often embod-
ies an expected value for the match result of bettors and
organizers, and the odds data may comprise home odds,
average odds and visiting odds. Multiple types of historical
data actually constitute a multi-source heterogeneous data
form, unlike the prior art which is limited to a certain single
data source type.

S120, a joint likelihood model of attribute data of the
event of the set type and the at least two types of historical
data is established, and an optimal estimation of the attribute
data is determined according to a maximum posterior prin-
ciple.

The attribute data refers to an intrinsic attribute of the
event. Although it may contain some accidental factors, the
attribute data is generally static and stable. For example, a
match team offensive/defensive capability parameter of the
match may be viewed as the attribute data, and although the
performance level of a match team may be effected by
weather, illness and injuries, it should be stable in general,
and is also an important basis for predicting a match result.
The present operation establishes a joint likelihood model of
the attribute data and at least two types of historical data of
the event, that is, multi-source heterogeneous historical data
is comprehensively taken into consideration to determine the
attribute data of the event from multiple levels.

The operation may specifically be: establishing the joint
likelihood model according to a relationship between the at
least two types of historical data and the attribute data and
a correction function for correcting the relationship to satisfy
a normal distribution.

The joint likelihood model comprehensively takes the
relationships between various types of historical data and the
attribute data into consideration, and the relationship
between each type of historical data and the attribute data
may be expressed by means of a certain distribution prob-
ability function. The relationship between the historical data
and the attribute data preferably comprises a Poisson distri-
bution function and/or a gamma distribution function. For
example, the relationship between the odds and the offen-
sive/defensive capability parameter may be expressed based
on the Poisson distribution function, and the relationship
between the score and the offensive/defensive capability
parameter may be expressed based on the gamma distribu-
tion function. Of course, the distribution probability func-
tions are not limited to these and may also be expressed
using other distribution probability functions which satisfy
the event relationships.

On this basis, it is preferred that the joint likelihood model
further comprises a correction function for correcting the
relationship to satisfy a normal distribution, that is, since
relationships in the attribute data and between the attribute
data and the match result generally satisfy a normal rela-
tionship, and extreme cases are unlikely to occur, with
regard to abnormal relationships resulting from certain acci-
dental factors or insufficient historical data, excessively
large deviation of the determined attribute data is avoided.

S130, with regard to an event to be predicted which is of
the set type, based on a probability distribution associated
with the attribute data in the joint likelihood model, a
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parameter in the probability distribution is determined as a
prediction result of the event to be predicted.

After the attribute data of the event of the set type is
determined, with regard to events of the same type, this
attribute data may be used, and based on a probability
distribution associated with the attribute data in the joint
likelihood model, a parameter in the probability distribution
is determined. This is actually a reverse process of deter-
mining attribute data based on historical data.

The embodiments of the present invention use a hierar-
chical model to introduce data of different sources into
different data layers, unify heterogeneous data in a joint
likelihood model to perform analysis, and obtain a more
accurate, instant and stable prediction result through effec-
tive fusion.

Embodiment IT

FIG. 2 is a flowchart of a method for predicting based on
multi-source heterogeneous data provided by embodiment 11
of the present invention; and FIG. 3 is a schematic diagram
illustrating a relationship between a model and a parameter
applicable to embodiment II of the present invention. This
embodiment provides a specific solution for execution, and
the description is provided with match prediction as an
example specifically. The method specifically comprises:

S210, with regard to a match, a historical score and
historical odds which can reflect a match result are acquired
as two types of historical data;

The present operation takes historical results of multiple
matches, wherein each of the multiple matches may be
denoted as match m, m being the sequence number of the
match and the value range of m being 1 to M. The score of
each match m is denoted as a home team score s, ; and a
visiting team score s, »; and odds of each match m are
denoted as home odds P, ;, average odds P, , and visiting
odds P, 5.

S220, normalization processing is performed on the his-
torical odds.

The present operation is an optional step, to adapt the
odds to a parameter form of a distribution probability
function. It is preferred that the normalization processing
may be performed on the odds based on a formula as
follows:

m,1s

P’m,l:Pm,l/(Pm,l+Pm,2+Pm,3) 1

P’m,z:Pm,2/(Pm,l+Pm,2+Pm,3) 2

P’ 3=P, (P, +P,,>+P, 3) (3)

P .1 P.., and P, 5 are odds after normalization pro-
cessing, and for uniform description hereinafter, the odds
after normalization processing are still denoted as P, |, P
and P, 5.

S230, with regard to a match m, a home team goal
parameter A, ; and a visiting team goal parameter A, , of the
Poisson distribution of the match m are determined using
home odds P, ,, average odds P, , and visiting odds P, ; of
the match m based on a relational expression as follows:

m,10 + m,2

Pm,1 = P(Poisson(A,,1) > Poisson(An2))
Pmp = P(Poisson(d,, 1) = Poisson(d,,,))
Pm3 = P(Poisson(d,, 1) < Poisson(d,,,))

@)

where P( ) is a distribution probability, namely, a prob-
ability which satisfies the relational expression in the brack-
ets.
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Poisson(A) denotes a Poisson distribution with A as a The first item in the relational expression (5) is as follows:
parameter, and it means that if a random variable X is only
valued as a non-negative integer 0, 1, 2, . . . , and the
probability distribution thereof obeys Poisson(}). Then the P(s|8) = F Ps | VP(L| 0)dA
meaning of P, ,=P(Poisson(},, ,)>Poisson(},, ,)) is that the 3
values of the home team goal parameter },,, ; and the visiting _ L B AP e A
team goal parameter A, are such that the probability of o 51° r(eXp(X))
Poisson(A,,, | )>Poisson(.,, ,) is equal to the home odds P, ;. [expx)+5) 7% 1

The meanings of the other two formulas are similar, and the
home team goal parameter A, ; and the visiting team goal
parameter A, should satisfy the above-mentioned three
relational expressions.

0 T(exp(x)) (B + 1)ow0Hs 5t

(ﬁ + 1)exp(x)+x

| ey AP Lexp(— (B + DA

_ Tlexptx) +5) ] el ] 1
T TTexpr)  (B+ D st

The home team goal parameters A, ; and the visiting team
goal parameters A, of various matches are all determined 15
according to the above relational expressions. The matches
per se are different, for example, the weather, date, impor- When the value of s is s,, ;, x=b; +o; —d, ;
tance of the match, score and odds are different, and there- when the value of s is s, ,, x= bk’ +0‘
fore even if the match teams participating in the matches are P(s16) is used for denoting the re"iatlonshlp between the
the same, the determined home team goal parameters A, , 20 offensive/defensive capability parameter 0 and the score s.

and visiting team goal parameters A, . are not exactly the The second item in the relational expression (5) is as

. follows:
same. The home team goal parameter ., ; and the visiting
team goal parameter A,,, of each match team determined by
participating in the matches are independent of one another. ()
g Pt = Lt ey
S240, a home team goal parameter A, ; and a visiting T(exp(x))

team goal parameter A, , of each match which are deter-
mu.le.(ibasted on odds, as We;ll as ;1 hortni:1 team sgotrf[:u stm dz .arid When the value of & is A, 1, x=b, +ct,_
a visiting team score s,, , of each match are substituted into when the value of A is A, 2, X= by, o, dl

the following formula to construct a joint likelihood model 30 P(AI0) is used for denoting the ref"atlonshlp between the

as follows regarding a match team offensive/defensive capa- offensive/defensive capability parameter 6 and a goal
bility parameterf, and an offensive/defensive capability parameter A.

parameter Bof each match team is determined in a maximum g is a preset weight value, and the influence of the score

posterior manner: and odds on the offensive/defensive capability parameter

35 may be adjusted by adjusting the weight value; f§ is a preset

log P(8)—g log P(s16)+(1-g)log P(A6)+log N(60, first preset adjustment parameter value, 0, is a preset second

o 2)+log N(a~d;;0,05%) 5 adjustment parameter value, and o, is a preset third adjust-

ment parameter value; and the above-mentioned parameter

where values may all be preset according to experience or experi-

o=({o,},_,  Ad}i= n,{‘bk,‘bk,}k’k,:1 D) 40 ments and may also be adjusted according to prediction

conditions.

T'( ) is a gamma function; and log N( ) function is a
logarithmic normal distribution function.

The third item in the relational expression (5) is as

0 is an offensive/defensive capability parameter set of
each match team. n is the sequence number of a match team,
0, is an offensive capability parameter of a match team i, d,
is a defensive capability parameter of a match team j, and b, 4,5 f5110ws:
and by, are state adjustment parameters of the match which log N (6; 0, 0,2) is used for correcting a match team with
are respectively used for correcting, according to the state of  higtorical data lower than a set threshold value, i.e. when

a match, an offensive capability parameter and a defensive  there is relatively little historical data of the match team, in
capability parameter of a match team when serving as a  order to avoid the case where the determined match team
home team and a visiting team. The so-called state adjust- 5o offensive/defensive capability has a large deviation due to
ment parameter is a correction coefficient for adjusting the there being little sample data, this adjustment item is set,
offensive/defensive capability parameter of a match team because the offensive/defensive capability of the match team
according to the state of the match. Because even if the generally satisfies the normal distribution and will not show
match teams participating in the match are the same, the = excessively large fluctuation in various matches.
offensive/defensive capability may also change due to the 55  The fourth item in the relational expression (5) is as
natural state of the match. For example, the weather condi- follows: ) )

tions during the match, whether the type of the match is a log N (a,~d;; 0, 0,°) is used for correcting the balance of

offensive/defensive capability of a match team. That is, as
regards each match team, there will be no great difference
60 between the offensive and defensive capabilities thereof
which are generally associated, and therefore this adjust-
ment item is used for correction.
Based on the adjustment item, that is, through adjusting a
model hyper-parameter, the balance of the model between
P(6) has the meaning of a distribution probability of 8, i.e. ¢5 using historical data and odds data may also be controlled,
denotes the probability density of—as a continuously dis- and a ratio of importance degrees of distant data to instant
tributed random variable. data may be controlled.

friendly match or World Cup, a league match, etc., and thus
b, may be set as a correction coefficient for the offensive/
defensive capability of the home team, and b,, may be set as
a correction coefficient for the offensive/defensive capability
of the visiting team, both of which can be obtained through
estimation from the model.
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8250, with regard to a match ¢ to be predicted, a home
team distribution parameter A, and a visiting team distri-
bution parameter A, of the match ¢ to be predicted are
determined according to offensive/defensive capability
parameters 0 of a home team i and a visiting team j
participating in the match based on relational expressions as
follows:

o i~Gamma(exp(by +a, ~d; ),p) Q)

A p~Gamma(exp(by +0y,

4P M

where b, is a home team correction coeflicient determined
according to the match ¢ to be predicted, o, , is an offensive
capability parameter of the home team i, dj is a defensive
capability parameter of the visiting team j, b,, is a visiting
team correction coefficient determined acco}ding to the
match ¢ to be predicted, ¢, is an offensive capability param-
eter of the visiting team j, and is d, defensive capability
parameter of the home team. ‘

8260, with regard to the match ¢ to be predicted, odds
P, P.,and P_; are determined according to the home team
distribution parameter A, and the visiting team distribution
parameter A, based on relational expressions as follows:

Pe,1 = P(Poisson(A; ;) > Poisson(A »)) (8)
Pe2 = P(Poisson(A; ;) = Poisson(A »))

Pe,3 = P(Poisson(A. 1) < Poisson(A2))

8270, with regard to the match c to be predicted, scores
S.. and S_, are determined according to the home team
distribution parameter A, and the visiting team distribution
parameter A, based on a relational expression as follows:

S,,i~Poisson(h, ;) ()]

S,~Poisson(h, 5) (10)

The technical solution of the embodiments of the present
invention performs modeling analysis on the offensive/
defensive capability parameter of a match team, and per-
forms simulated calculation of possible match results of
future matches on this basis. With regard to a match result
of'each match, two Poisson distributions are used to perform
modeling, and a model relationship from scores to Poisson
distribution parameters and a model relationship from odds
to the Poisson distribution parameters are established in
sequence; furthermore, the offensive/defensive capability
parameter is used to perform modeling on the distribution of
the Poisson distribution parameters; two types of data are
integrated using a model having a (deep) hierarchical struc-
ture; and finally, probability estimations of possible results
of future matches and other outputs are provided according
to model results. The distribution of scores is depicted using
two Poisson distributions, and meanwhile, parameter values
of the Poisson model of the distribution of scores are
calculated backward from odds data; a gamma distribution
is used to depict the distribution of Poisson model parameter
values; and the gamma distribution parameters are associ-
ated with the offensive/defensive capability parameters of
the home and visiting match teams and other features;
Poisson distribution parameters obtained from two aspects
are synthesized to establish a joint likelihood of the offen-
sive/defensive capability of the team with match results and
odds data.

The technical solution of the embodiment of the present
invention may effectively utilize data of different structures
from different sources, and with respect to the prior art, a
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majority of the existing football prediction models only
consider using historical score data, without any multi-
source data fusion content. However, in the embodiment of
the present invention, through integrating multi-source het-
erogeneous data, the solution can obtain better accuracy,
quicker time-effectiveness and superior stability.

Embodiment III

FIG. 4 is a structural schematic diagram of an apparatus
for predicting based on multi-source heterogeneous data
provided by embodiment III of the present invention. The
apparatus comprises: a data acquisition module 410, a model
estimation module 420 and a result prediction module 430.
The data acquisition module 410 is used for acquiring, with
regard to an event of a set type, at least two types of
historical data which can reflect an event result; the model
estimation module 420 is used for establishing a joint
likelihood model of attribute data of the event of the set type
and the at least two types of historical data, and determining
an optimal estimation of the attribute data according to a
maximum posterior principle; and the result prediction mod-
ule 430 is used for determining, with regard to an event to
be predicted which is of the set type, based on a probability
distribution associated with the attribute data in the joint
likelihood model, a parameter in the probability distribution
as a prediction result of the event to be predicted.

In the above-mentioned technical solution, the model
estimation module 420 is specifically used for: establishing
the joint likelihood model according to a relationship
between the at least two types of historical data and the
attribute data and a correction function for correcting the
relationship to satisfy a normal distribution.

The relationship between the historical data and the
attribute data preferably comprises a Poisson distribution
function and/or a gamma distribution function.

A preferred example provided based on the above-men-
tioned technical solution is:

the data acquisition module 410 is specifically used for
acquiring, with regard to a match, a historical score and
historical odds which can reflect a match result as two types
of historical data;

the model estimation module 420 is specifically used for:

with regard to a match m, determining a home team goal
parameter A, ; and a visiting team goal parameter A, of the
Poisson distribution of the match m using home odds P, ,,
average odds P, , and visiting odds P, ; of the match m
based on a relational expression as follows:

Pm,1 = P(Poisson(A,, 1) > Poisson(A,,2))
Pm,2 = P(Poisson(d,, ) — Poisson(4,,»))
Pm3 = P(Poisson(d,, ;) < Poisson(4,,,))

where P( ) is a distribution probability; m is the sequence
number of the match, and the value range of m is 1 to M;

substituting a home team goal parameter A, , and a
visiting team goal parameter A, , of each match which are
determined based on odds, as well as a home team score s,,, |
and a visiting team score s, , of each match into the
following formula to construct a joint likelihood model as
follows regarding a match team offensive/defensive capa-
bility parameter 0, and determining an offensive/defensive
capability parameter 6 of each match team in a maximum
posterior manner:

log P(6)=g log P(s10)+(1-g)log P(MO)+log N(6;0,
0°)+log M(a~d;;0,05°)
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where

e:.({ai}izl L. ns{dj}jzl . ns{bksbk'}k,k':l B )
n is the sequence number of a match team, o, is an
offensive capability parameter of a match team i, d; is a

defensive capability parameter of a match team j, and b, and 5
b, are state adjustment parameters of the match which are
respectively used for correcting, according to the state of a
match, an offensive capability parameter and a defensive
capability parameter of a match team when serving as a
home team and a visiting team;

the meaning of P(0) is a distribution probability of 6;

10

[(exp(x) +5) ] ﬁ”p(x) ] 1
Texpx)  (B+ )#®+ 51

P(s|6) = s

When the value of s is S, ,=x=b, +a, —d, ;
when the value of s is S,,, ,, x=b, +a, ~d, ;
20

ﬁeXP(X)

PAIO = Fomp

ep-1 -exp(—pBA)

When the value of A is &, ;, x=b; +a, =d, »

when the value A of is A,,,, x=b;. +a; —d, ;
g is a preset weight value, f§ is a preset first preset

adjustment parameter value, o, is a preset second adjust-
ment parameter value, and o, is a preset third adjustment
parameter value;

30

T'( ) is a gamma function;
log N () function is a logarithmic normal distribution

function;

log N(8; 0, ,?) is used for correcting a match team with .

log N(a.,-d,;0,0,7) is used for correcting the balance of

offensive/defensive capability of a match team.

The result prediction module 430 is specifically used for:
with regard to a match ¢ to be predicted, determining a
home team distribution parameter A, and a visiting team
distribution parameter A, of the match c to be predicted

40

according to offensive/defensive capability parameters 6 of
a home team i and a visiting team j participating in the match
based on relational expressions as follows:

45
e, i~Gamma(exp(by, +a; ~d; ).p)

b o~Gamma(exp(by, +a, ~d,).p)

where b, is a home team correction coeflicient determined
according to the match c to be predicted, o, is an offensive
capability of the home team 1, d, isa defensive capability of
the visiting team j, by, is a visiting team correction coeffi-

50

cient determined according to the match ¢ to be predicted,

o, is an offensive capability of the visiting team j, and d, is ss

a defensive capability of the home team;

with regard to the match ¢ to be predicted, determining
odds P_,, P_, and P_; according to the home team distri-

bution parameter A_, and the visiting team distribution
parameter A, based on a relational expression as follows: ¢,

Pe,1 = P(Poisson(A. 1) > Poisson(A2))
Pe2 = P(Poisson(A; ;) = Poisson(A »))
Pe;3 = P(Poisson(A. ;) < Poisson(A »))

o

5

10

with regard to the match ¢ to be predicted, determining
scores S_ | and S_ , according to the home team distribution
parameter A, and the visiting team distribution parameter
A, based on relational expressions as follows:

S,,i~Poisson(h,)

S,~Poisson(h,).

The model estimation module 430 is also specifically used
for performing normalization processing on the historical
odds after acquiring, with regard to a match, a historical
score and historical odds which can reflect a match result as
two types of historical data.

The apparatus for predicting based on multi-source het-
erogeneous data provided by the embodiments of the present
invention is used for carrying out the method for predicting
based on multi-source heterogeneous data provided by the
embodiments of the present invention, can carry out corre-
sponding operations and has corresponding functions and
beneficial effects.

It should be noted that the above are merely preferred
embodiments and applied technical principles of the present
invention. Those of skill in the art will understand that the
present invention is not limited to the particular embodi-
ments described herein, and for those of skill in the art,
various obvious modifications, readjustments and substitu-
tions can be carried out without deviating from the scope of
protection of the present invention. Therefore, although the
present invention is described in detail through the above
embodiments, the present invention is not merely limited to
the above embodiments; other equivalent embodiments may
also be included without deviating from the concept of the
present invention, and the scope of the present invention is
determined by the scope of the appended claims.

What is claimed is:

1. A computer-implemented method for event predicting
via machine learning based on multi-source heterogeneous
data, comprising:

acquiring at least two types of historical data associated

with an event result for a first event of a predetermined
type;

establishing a joint likelihood model of attribute data of

the first event and the at least two types of historical
data;

determining an optimal estimation of the attribute data

based on the joint likelihood model according to a
maximum posterior principle; and

determining a parameter in a probability distribution as a

prediction result of a second event based on the prob-
ability distribution associated with the attribute data in
the joint likelihood model, wherein the joint likelihood
model includes one or more adjustment parameters for
correcting the joint likelihood model, the adjustment
parameters being determined iteratively based on an
accuracy of the prediction result.

2. The method of claim 1, wherein said determining the
parameter comprises determining the parameter in the prob-
ability distribution as the prediction result of an event to be
predicted based on the probability distribution.

3. The method of claim 2, wherein a preselected type of
the second event and the predetermined type of the first
event are identical.

4. The method of claim 1, wherein said establishing
comprises establishing the joint likelihood model according
to a relationship between the at least two types of historical
data and the attribute data and a correction function for
correcting the relationship to satisfy a normal distribution.
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5. The method of claim 4, wherein the relationship
between the at least two types of historical data and the
attribute data comprises a Poisson distribution function.

6. The method of claim 4, wherein the relationship
between the at least two types of historical data and the
attribute data comprises a gamma distribution function.

7. The method of claim 1, wherein the one or more
adjustment parameters include one or more state adjustment
parameters, a preset weight value, a first preset adjustment
parameter value, a second preset adjustment parameter
value, a third preset adjustment parameter value, or a
combination thereof, the method further comprising:

acquiring, with regard to a match, a historical score and

historical odds that can reflect a match result as the two
types of historical data;

with regard to a match m, determining a home team goal

parameter A, | and a visiting team goal parameter A, ,
of a Poisson distribution of the match m using home
odds p,, ,, average odds p,, , and visiting odds p,, 5 of
the match m based on a relational expression as fol-
lows:

Pm,1 = P(Poisson(A,, 1) > Poisson(A,,2))
Pmz2 = P(Poisson(A,, 1) = Poisson(A,,2))
Pm3 = P(Poisson(d,, ;) < Poisson(d,,,))

wherein P( ) is a distribution probability; m is the
sequence number of the match, and the value range of
mis 1to M; and
substituting the home team goal parameter A, , and the
visiting team goal parameter A, ,of each match that are
determined based on odds, as well as a home team
score s, | and a visiting team score s,, , of each match
into the following formula to construct a joint likeli-
hood model as follows regarding a match team offen-
sive/defensive capability parameter 0, and determining
an offensive/defensive capability parameter 0 of each
match team in a maximum posterior manner:
log P(6)=g log P(s10)+(1-g)log P()10)+log N(6;0,
o °)+log M0~d;0,05%)
wherein
0=({0}imy ... m{dj}jzl . .nx{bk:bk'}k,k’zl )

nis a sequence number of a match team, o, is an offensive
capability parameter of a match team i, d, is a defensive
capability parameter of a match team j, and b, and b,
are the state adjustment parameters of the match that
are respectively used for correcting, according to the
state of a match, an offensive capability parameter and
a defensive capability parameter of a match team when
serving as a home team and a visiting team;

P(0) is a distribution probability of 6;

[(exp(x) +5) ol 1

Pls|6) = Tlexp()  (B+ P70 51

wherein the value of s is s, ,, x=b, +a, -d, ;
1 15 S, i
wherein the value of s is s, 5, X=b,, +o; =d, ;
> m m m

ﬁeXP(X)

POV = Fespm

AP exp(~ )
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wherein the value of Ais A, ;, x=b; +a,  : and

wherein the value of Ais A, x=b,, +o, ., ;

wherein g is the preset weight value, f§ 1s the preset first
preset adjustment parameter value, o, is the preset
second adjustment parameter value, and o, is the preset
third adjustment parameter value;

T'() is a gamma function;

logN( ) function is a logarithmic normal distribution
function;

logN(0; 0, 0,?) is used for correcting a match team with
historical data lower than a set threshold value; and

logN(o,—d;; 0, 0,%) is used for correcting the balance of
the offensive/defensive capability of a match team.

8. The method of claim 7, wherein said determining the

parameter in the probability distribution comprises:

with regard to a match ¢ to be predicted, determining a
home team distribution parameter A, and a visiting
team distribution parameter A, of the match ¢ to be
predicted according to offensive/defensive capability
parameters 6 of a home team i and a visiting team j
participating in the match based on relational expres-
sions as follows:

e, i~Gamma(exp(by +a; ~d; ), B)

A ~Gamma(exp(by, +0; ~d; ), B)

where b, is a home team correction coefficient determined
accor(iing to the match c¢ to be predicted, o, is an
offensive capability parameter of the home team1, d, is
a defensive capability parameter of the visiting team j,
b,. is a visiting team correction coefficient determined
acéording to the match ¢ to be predicted, ¢, is an
offensive capability parameter of the visiting team j,
and d, is a defensive capability parameter of the home
team; ‘

with regard to the match ¢ to be predicted, determining
odds p,.,, p., and p_, according to the home team
distribution parameter A, and visiting team distribu-
tion parameter A, based on a relational expression as
follows:

Pe,1 = PPoisson(A, 1) > Poisson(A»))
Pe2 = PPoisson(A ;) = Poisson(A»)) ;
Pes = PPoisson(A, 1) < Poisson(A,»))

and

with regard to the match ¢ to be predicted, determining
scores and S_; and S_, according to the home team
distribution parameter A, and visiting team distribu-
tion parameter A_, based on relational expressions as
follows:

s, ~Poisson(h, ;)

S.o~Poisson(h, 5).

9. The method of claim 7, further comprising performing
normalization processing on the historical odds.

10. The method of claim 9, wherein said performing the
normalization processing occurs after said after acquiring,
with regard to the match, the historical score and historical
odds.

11. An apparatus for event predicting via machine learn-
ing based on multi-source heterogeneous data, comprising:

a processor; and
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a memory having one or more programs stored thereon
for instructing said processor, the one or more pro-
grams including:

instruction for acquiring, with regard to an event of a set
type, at least two types of historical data that can reflect
an event result;

instruction for establishing a joint likelihood model of
attribute data of the event of the set type and the at least
two types of historical data and determining an optimal
estimation of the attribute data based on the joint
likelihood model according to a maximum posterior
principle; and

instruction for determining, with regard to an event to be
predicted which is of the set type, based on a probabil-
ity distribution associated with the attribute data in the
joint likelihood model, a parameter in the probability
distribution as a prediction result of the event to be
predicted, wherein the joint likelihood model includes
one or more adjustment parameters for correcting the
joint likelihood model, the adjustment parameters
being determined iteratively based on an accuracy of
the prediction result.

12. The apparatus of claim 11, wherein the one or more
programs include instruction for establishing the joint like-
lihood model according to a relationship between the at least
two types of historical data and the attribute data and a
correction function for correcting the relationship to satisfy
a normal distribution.

13. The apparatus of claim 12, wherein the relationship
between the historical data and the attribute data comprises
a Poisson distribution function.

14. The apparatus of claim 12, wherein the relationship
between the historical data and the attribute data comprises
a gamma distribution function.

15. The apparatus of claim 11, wherein the one or more
adjustment parameters include one or more state adjustment
parameters, a preset weight value, a first preset adjustment
parameter value, a second preset adjustment parameter
value, a third preset adjustment parameter value, or a
combination thereof, wherein the one or more programs
include:

instruction for acquiring, with regard to a match, a his-
torical score and historical odds which can reflect a
match result as two types of historical data;

instruction for:

with regard to a match m, determining a home team goal
parameter A, , and a visiting team goal parameter A, ,
of the Poisson distribution of said match m using home
odds p,, ,, average odds p,, , and visiting odds p,, 5 of
said match m based on a relational expression as
follows:

Pm,1 = P(Poisson(d,, ;) > Poisson(d,,»))
Pmp = P(Poisson(d,, ;) = Poisson(4,,,))
Pm3 = PPoisson(A,, 1) < Poisson(A,,2))

where P( ) is a distribution probability; m is a sequence
number of the match, and a value range of m is 1 to M;
and

instruction for substituting the home team goal parameter
A,,.; and the visiting team goal parameter A, , of each
match which are determined based on odds, as well as
a home team score s, ; and a visiting team score s,,, , of
each match into the following formula to construct a
joint likelihood model as follows regarding a match
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team offensive/defensive capability parameter 0, and
determining an offensive/defensive capability param-
eter 0 of each match team in a maximum posterior
manner:

log P(6)=g log P(s10)+(1-g)log P(016)+log N(6;0,
o°)+log M(a~d;;0,05%)

where

0=({0}sy .. .na{dj}jZI . .na{bkxbk’}k,k’zl )

n is the sequence number of a match team, o, is an
offensive capability parameter of a match team i, d, is
a defensive capability parameter of a match team j, and
b, and b are the state adjustment parameters of the
match which are respectively used for correcting,
according to the state of a match, an offensive capa-
bility parameter and a defensive capability parameter of
a match team when serving as a home team and a
visiting team;

P(0) is a distribution probability of 6;

[(exp(x) +5) B 1

Pis|0)= Tlexp(x)  (B+ Lowtrs 51

when the value of s is s, ,, x=b; +a, =d, ;
15 S, Tt

when the value of s is s, ,, Xx=b,, +0.;
, (e

m-dim’

ﬁeXD(X)
[(exp(x))

PO = A9POL L exp(— 1)

when the value of Ais A, ;, x=by +a; —d, ;
when the value of Ais A, ,, x=b;. +a; —d, ;

g is the preset weight value, p 1s the preset first preset
adjustment parameter value, o, is the preset second
adjustment parameter value, and o, is the preset third
adjustment parameter value;

I'() is a gamma function;

logN( ) function is a logarithmic normal distribution
function;

logN(8; 0, 0,?) is used for correcting a match team with
historical data lower than a set threshold value; and

logN(a,~d;; 0, 0,%) is used for correcting the balance of
the offensive/defensive capability of a match team.

16. The apparatus of claim 14, wherein the one or more
programs include:
instruction for, with regard to a match ¢ to be predicted,

determining a home team distribution parameter A,

and a visiting team distribution parameter A, of said

match ¢ to be predicted according to offensive/defen-

sive capability parameters 6 of a home team i and a

visiting team j participating in the match based on

relational expressions as follows:

6, ,~Gamma(exp(b; +o., ~d; ),[3)

0, ~Gamma(exp(by, +; ~d,).p)

where b, is a home team correction coefficient determined
accor(iing to said match ¢ to be predicted, o, is an
offensive capability of the home team 1, d, is a defen-
sive capability of the visiting team j, b, is a visiting
team correction coefficient determined Caccording to
said match c to be predicted, a; is an offensive capa-
bility of the visiting team j, and d, is a defensive
capability of the home team; ‘
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instruction for, with regard to the match ¢ to be predicted,
determining odds p_.,, p.., and p,_; according to said
home team distribution parameter A ; and visiting team
distribution parameter A , based on a relational expres-

sion as follows:

Pe,1 = P(Poisson(A; ;) > Poisson(A »))
Pe2 = P(Poisson(A. ;) = Poisson(A.»)) ;
Pe;3 = P(Poisson(A. ;) < Poisson(A »))

and

instruction for, with regard to the match ¢ to be predicted,
determining scores s, ; and s_, according to said home
team distribution parameter A, and visiting team dis-
tribution parameter A , based on relational expressions

as follows:

s, i~Poisson(®, ;)

S ~Poisson(h, »).

17. The apparatus of claim 14, wherein the one or more
programs include instruction for performing normalization
processing on the historical odds after acquiring, with regard
to a match, a historical score and historical odds which can

reflect a match result as two types of historical data.

18. A non-transitory computer storage medium including
at least one program for event predicting via machine
learning based on multi-source heterogeneous data when

implemented by a processor, comprising:
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instruction for acquiring at least two types of historical
data associated with an event result for a first event of
a predetermined type;

instruction for establishing a joint likelihood model of
attribute data of'the first event and the at least two types
of historical data;
instruction for determining an optimal estimation of the
attribute data based on the joint likelihood model
according to a maximum posterior principle; and

instruction for determining a parameter in a probability
distribution as a prediction result of a second event
based on the probability distribution associated with
the attribute data in the joint likelihood model, the
second event to be predicted based on the probability
distribution and having a preselected type of the second
event that is identical to the predetermined type of the
first event, wherein the joint likelihood model includes
one or more adjustment parameters for correcting the
joint likelihood model, the adjustment parameters
being determined iteratively based on an accuracy of
the prediction result.

19. The computer storage medium of claim 18, wherein
said instruction for establishing comprises instruction for
establishing the joint likelihood model according to a rela-
tionship between the at least two types of historical data and
the attribute data and a correction function for correcting the
relationship to satisfy a normal distribution.

20. The computer storage medium of claim 19, wherein
the relationship between the at least two types of historical
data and the attribute data comprises at least one of a Poisson
distribution function and a gamma distribution function.
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